Abstract: This study presents for the first time in Venezuela a joint analysis of deforestation and forest degradation processes, including its effects on carbon emissions. The Caparo Forest Reserve, located in the Western Plains ecoregion, in one of the national hot spots of deforestation, served as a case study using three different periods: 1990-2000, 2000-2010 and 2010-2015. In the context of the United Nations Framework Convention on Climate Change (UNFCCC) framework, the Practice Guidance for Land Use, Land-Use Change and Forestry from the Intergovernmental Panel on Climate Change (IPCC) was followed. These guidelines combine the activity data for the estimation of deforestation and degradation rates, in this case using open access Landsat imagery in conjunction with the TerraAmazon system with the emission factors, and these based on aboveground biomass (AGB) estimations using field data from permanent plots monitored during the study period. Deforestation was responsible of a net loss of −53,461 ha, while close to −3667 ha were classified as degraded forests during the 1990-2000 decade (−4.9% annual deforestation rate). An estimated area of −36,447 ha and −515 ha between 2000 and 2010 was affected by both processes (−4.3% annual forest loss), and −8111 ha and −737 ha between 2010 and 2015 (−3.2% per year). These processes were responsible for an estimated equivalent in carbon emissions of 2.21 ± 0.32 (SEM-Standard Error of the Mean) Mt CO 2 year −1 (1990-2000), 1.56 ± 0.19 Mt CO 2 per year between 2000 and 2010, while 0.80 ± 0.11 Mt CO 2 year −1 during the 2010-2015 period. Between 92.9% and 98.63% (mean 94.9%) of these emissions came from deforestation, and between 1.37% and 7.79% (mean 5.1%) from forest degradation. Using available data, at national scale, deforestation and forest degradation in Caparo represented, on average, 0.49% of the total CO 2 emissions and about 1.79% of land use change related emissions for the same period in Venezuela. Finally, we briefly outline a set of elements so these results can serve as a baseline for the potential establishment of a Reducing Emissions from Deforestation and Forest Degradation (REDD+) strategy in the area.
Introduction
Tropical forests cover an area close to 17.7 million km 2 [1] comprising about 44% of the world's forest area [2] , and embody epicenters of biodiversity while playing a key role in the global climate system and for many other ecosystem services [3] . Despite this, and the recent efforts to control deforestation in some countries, the rate at which tropical forests are being replaced is still alarming and remains as a major concern [4, 5] . It is estimated that 7.3 million ha were deforested annually in the 1990s and 3.3 million ha during the 2000-2015 period [2] , mostly in the tropical region. The causes are diverse, with land use change for agriculture and livestock expansion and other development projects being the most important drivers of forest loss [6] [7] [8] [9] [10] [11] .
The loss of biodiversity is perhaps the most frequently addressed consequence of deforestation in tropical forests [12, 13] . However, these ecosystems are also important reservoirs of carbon with averages between 200 and300 Mg C ha −1 in the aboveground biomass (AGB) [14] . Similarly, its function as important carbon sinks is well known, capturing about 15% of anthropogenic carbon emissions on a global scale [15, 16] . Yet, deforestation and forest degradation processes are responsible for significant losses and reductions in carbon stocks [17] [18] [19] [20] [21] . On a global scale, using data from the FAO Forest Resource Assessment (FRA), Federici et al. [22] found an average rate of carbon emissions of 4.0 Gt CO 2 year −1 during the 2001-2010 decade, decreasing to an estimated rate of 2.9 Gt CO 2 year −1 between 2011 and 2015 coming fundamentally from forest conversion. In the 2000s, carbon emissions coming from deforestation in the tropics were in the range of 0.6 to 1.2 Gt C year −1 [23] [24] [25] . Moreover, in a recent study focusing on the tropical and subtropical regions, Pearson et al. [21] estimated that, between 2005 and 2010, about 6.22 and 2.1 Gt CO 2 were emitted every year from deforestation and forest degradation respectively. In this regard, it has been mentioned in the literature that these emissions are equivalent to 10-20% of total global carbon emissions [25] [26] [27] [28] [29] .
The context of deforestation in Venezuela is not much different from other tropical countries. In an historical analysis, Pacheco et al. [30] found an average annual rate of forest loss of 0.30%, with a net decrease of 26.4% in the national forest cover between 1920 and 2008. It is during the 1950s when deforestation spiked mostly in the Western Plains ecoregion [31] [32] [33] [34] [35] , which remained as one of the national hotspots of deforestation for a long time [36] . It has been shown that by the mid twentieth century, 36% of Venezuela's forest cover was located to the north of the Orinoco River, and some estimates place this number to as low as 10% in recent decades [37] . Western plains have been mostly cleared for agricultural lands with current forests being mostly in protected areas and other areas with limited access. According to recent FAO estimates [1], 287,500 ha were lost every year in Venezuela between 1990 and 2000 (−0.6% year −1 ), with a decrease during the 2000-2010 decade of about 164,600 ha per year (−0.3%). More recently, these numbers were revisited by Hansen et al. [38] , reporting, on average, 104,205 ha year −1 being lost due to deforestation between 2001 and 2015, and these estimates are being continuously monitored through the Global Forest Watch Initiative (GFW) (http://www.globalforestwatch.org). The main causes of deforestation in the country can be mostly attributed to agricultural expansion, development of infrastructure and selective logging with other associated indirect causes (see [9] ) that are consistent with those found in many tropical areas [6] [7] [8] 10] .
The recent growth of global maps of forest carbon (e.g., [14, 23, 24, 39] ) offers the unique opportunity to compare these with other ground-based studies to have better estimates of the aboveground biomass and thus carbon in forests. For instance, available remote sensing data in Avitable et al. [39] show that Venezuelan forests can store between 65 and 480 Mg ha −1 in the AGB. Other field-based studies have also reported similar numbers by applying allometric equations to data collected on the ground. Using a series of permanent sample plots distributed throughout the country in five Venezuelan forest-types, Delaney et al. [40] reported AGB values from 140 Mg ha −1 in the very dry forests to 360 Mg ha −1 in the lowland moist forests of the Guiana Shield region.
The effects of deforestation and degradation in terms of carbon released have not been officially quantified at the national level. However, a few studies have shown that carbon emissions due to these processes can be significant. For example, between 1980 and 1990, Bonduki and Swisher [41] reported that up to 44% of the national CO 2 emissions were caused by deforestation. Harris et al. [24] have shown that, between 2000 and 2005, about 9 Tg C year −1 (units are 10 12 g of carbon per year) were lost due to deforestation in Venezuela. Other sources have estimated annual carbon emissions from deforestation in Venezuela adding up to between 9% [42] and 28% [38] of national emissions during the last decade. Furthermore, Pearson et al. [21] found that close to 10% of Venezuelan carbon emissions came from forest degradation between 2005 and 2010. In an attempt to quantify the carbon sink potential of Amazon forests between 1980 and 2010, Phillips and Brienen [43] estimated an average of 1 Tg C year −1 released through land use change activities for the Venezuelan Amazon region to the south of the Orinoco River. Interestingly, the net carbon uptake into mature forests (~8 Tg C year −1 ) exceeded the carbon emissions from land use change, but was considerably lower than the total fossil fuel emissions (~28 Tg C year −1 ) [43] . Combined, these results make a strong case for more in depth research about the national carbon budget and the implications of deforestation and forest degradation in it. The overall objective of this study was to analyze the deforestation and forest degradation processes, as well to estimate the associated carbon emissions in the Caparo Forest Reserve (CFR), an emblematic area of the Venezuelan Western Plains and a highly-threatened bioregion. For this, a combined approach of ground-based data and satellite imagery was used to jointly estimate the rates of deforestation and degradation and carbon emissions within the IPCC methodological framework for Land Use, Land-Use Change and Forestry (LULUCF) projects [44] and the Terra Amazon system [45] . CFR symbolizes the output of what occurred with forest cover throughout most of the Western Plains, a region with a complex socio-ecological system that has had a highly dynamic process of land use change in the last three decades. We focus our analysis in three different periods from 1990 to 2015 to have a comparative baseline with recent estimates of deforestation and degradation reported for the tropical region. Finally, we briefly discuss the potential implications of our findings in the context of the strategies for Reducing Emissions of Deforestation and Forest Degradation (REDD+).
Materials and Methods

Study Area
Caparo Forest Reserve (CFR) is located in the Western Plains bioregion of Venezuela, to the southwest of Barinas State (Figure 1 ). Created as a protected zone in 1961 with an official area of 1744.84 km 2 , it was designated by law as an area with a timber management-oriented objective. It is located on a young alluvial flood plain with an altitude that varies from east to west from 120 to 140 m (Appendix A.1). The area is characterized by a tropical seasonal climate with two clear seasons (dry season from November to April; wet from May to October). The average annual rainfall is 2,156 mm with a mean annual average temperature is 24.9 • C [46] .
The case of CFR is not unique within the Western Plains region of Venezuela. Timber concessions managed within a 25-30-year rotation cycle were established in the early 1970s and 1980s in the region. This includes three management units, in which access to timber was granted to six different private and mixed consortiums in CFR [47] (Appendix A.2). As in many other timber-managed areas in the tropics, selective logging was the primary activity which included road opening and the construction of temporary and permanent camps. Conventional logging practices in conjunction with significant timber volumes were fundamental causes of forest degradation with highly damaged residual stands in many areas [47] . For instance, Kammesheidt [48] found that up to 54% of the basal area was lost immediately after harvesting in some stands in the CFR, and after 19 years of logging some stands still remained under stocked compared to mature unlogged conditions.
Road construction for timber harvesting, along with a complex socio-economic environment seemed to have facilitated the subsequent agricultural colonization of the residual forests and other non-intervened forests in CFR [9] . According to Acevedo et al. [49] , deforestation and degradation in the CFR occurred in an intricate sequence of stages that often started with selective logging followed by the burning of remaining forests mostly for subsistence activities. Later on, large portions of the area were completely transformed to cattle grazing farms in which land tenure was ultimately transferred to private owners contrary to official regulations [50, 51] . Additional information about the causes of deforestation and degradation in this and other areas of the Western Plains and their socioeconomic implications can be found in Rojas [50, 52] .
Currently, CFR is primarily covered by grasslands, including areas with some legacy trees in a highly-fragmented landscape. In addition, riparian pockets of different forest types associated with permanent and/or semi-permanent streams and the Caparo River as the major watercourse can still be found in the area. Finally, an approximate section of 7,000 ha to the West of the reserve allocated to an experimental area with a research-oriented management remains as on the last relicts of the seasonal forests of the Western Plains bioregion [53] , where close to one third of the area can be still be considered as a relatively mature old-growth forest with important implications for biodiversity conservation and other ecosystem services. Currently, CFR is primarily covered by grasslands, including areas with some legacy trees in a highly-fragmented landscape. In addition, riparian pockets of different forest types associated with permanent and/or semi-permanent streams and the Caparo River as the major watercourse can still be found in the area. Finally, an approximate section of 7,000 ha to the West of the reserve allocated to an experimental area with a research-oriented management remains as on the last relicts of the seasonal forests of the Western Plains bioregion [53] , where close to one third of the area can be still be considered as a relatively mature old-growth forest with important implications for biodiversity conservation and other ecosystem services. The methodological approach used in our study is based upon the guidelines proposed by the IPCC guide for good practices [17, 44, 55] , which combines the Activity Data with the Emission Factors (EF). The first one refers to the estimation of deforestation and degradation rates using remote sensing tools, while the EF represent the estimation of carbon stocks and its corresponding emissions for the three periods considered here (1990-2000, 2000-2010 and 2010-2015) , for which details are offered in the following sections.
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Cartographic Criteria
We used the definition of forest based on the current Venezuelan Forest Law from 2008 [56] , which specifies that in order to be considered a forest, any given area must have a minimum area of 0.5 ha, a tree canopy coverage of at least 30% and a minimum height of 5 m. For the CFR, this definition applies mostly to mature and secondary forests, riparian forests, "casildales" (small flooded areas highly dominated by Acacia articulate or "casildo" and forest plantations). Based on the guidelines of the UNFCCC, we define deforestation as the direct conversion, induced by man, of forested land into non-forest land [57] . Forest degradation is considered as a reduction in the capacity of a forest to produce ecosystem services such as carbon storage and wood products as a result of anthropogenic and environmental changes [58] caused by timber extraction activities, fire, cattle grazing in forest (both small and large scale) and/or an over exploitation of fire wood, charcoal or any other non-timber forest product [10, 59] . This concept, although relatively easy to interpret, has proven to be challenging when trying to detect it using commonly-used remote sensing products, such as Landsat for any given area [21] . Given this complexity, we focused our attention exclusively on selective logging when estimating degradation rates. As shown by Asner et al. [60] in some areas of the Amazon, forest degradation from logging has been a precursor of deforestation and these activities can be detected using Landsat images. In our study area, logging has been a fundamental force of forest degradation for a great portion of the period considered here [49, 50] . Finally, one hectare (1 ha) was assumed as the minimum mapping unit (MMU), with the years of analysis classified as follows: 1990 was defined as the baseline or Year 0, Year 2000 as Year 1, 2010 as Year 2, and 2015 as Year 3. As for the maps classes, these are composed of forests and non-forest areas for Year 0, while for Years 1, 2 and 3, degradation was added to the analysis.
Activity Data
Building the Map for Year 0 (1990)
To build the maps for our study period (1990, 2000, 2010 and 2015) , the first step was the configuration of the TerraAmazon system, which consisted in a series of steps including the creation of the PostGres SQL database, defining the conceptual model, control access, control phase, the project, control rules, class definition, definition of control rules, and the definition of the area of interest [61] . Subsequently, to interpret and edit Year 0, a composition in false color with an RGB (453) was created, and a Linear Model of Spectral Mixtures approach was applied as proposed by Shimabukuro et al. [62] . From the spectral response of the Landsat bands, we estimated the proportion of the soil component, vegetation and shade for each pixel, resulting in images of the fragment soil, vegetation and shade (or water) by applying the following equation:
where r i is the response of the pixel in the band i; a, b, and c are the proportions of vegetation, soil and shade (or water), respectively; vegetation, soil and shade are the spectral responses of the components of vegetation, soil and shade (or water); and e i is the error in the band i. Using the algorithm developed by the DPI-INPE (Image Processing Division-National Institute for Space Research) [63] , a segmentation of the soil component was conducted since it provided the greater contrast between bare soil and forest. The latter is based on the "region growing" algorithm where a region is a set of homogeneous pixels connected based on their properties [64] . For its training, this algorithm requires two parameters: similarity, defined as the Euclidean distance between the mean digital numbers (here soil proportion) of two regions under which these are grouped together, and the minimum area to be considered as a region, defined by the number of pixels [65] . For this section, the parameters of the INPE's Program for Deforestation Assessment in the Brazilian Legal Amazon (PRODES) were used: 8 as minimum criterion of similarity and 16 as minimum area value [66] . These segmentation values provided good results in a previous study on the same area [67] . The result of this segmentation was used for the visual interpretation process based on the approach of object based image analysis (OBIA) [68, 69] , which entailed assigning a thematic class of forest and non-forest to each object or region. To do this, composition 453 of Year 0 was used as background. Once this process was completed, we proceeded to back up the database and export the vector files in shape format for subsequent validations. For creating the database of Year 1, the backup of Year 0 was restored, the image of Year 0 was deleted and the image of Year 1 was added. In addition, the topological rule "intersection" was added to interpret, specifically within the forest polygons of Year 0, the classes of deforestation and degradation of the forest at Year 1. To do this, two segmentations of the soil component (see Section 2.4.1) were retrieved from the image of Year 1: the first was used for the interpretation of deforestation which employs the values of the PRODES project applied earlier (see Section 2.4.1), and the second segmentation was used for the interpretation of forest degradation, using the values 4 as the minimum criterion of similarity and 8 as the minimum area value [70] .
Deforestation under the OBIA approach was detected and identified on the image of Year 1 and within the forest of Year 0, and the segments or regions without forest were classified as deforestation for Year 1. Similarly, degradation was interpreted based upon the second segmentation, and in those areas within the forest of Year 0 where segments or regions were detected and identified. These included the main and secondary roads, as well as the logging yards, which were classified as forest degradation for Year 1. A similar approach was used for Years 2 and 3, considering that the forest classes of Year 1 and 2 were added correspondingly to the class of deforestation for the periods 2000-2010 and 2010-2015, and degradation for the years 2010 and 2015, respectively.
Estimation of the Average Annual Rate of Deforestation
We used the equation proposed by Sader [71] to estimate the rate of deforestation for our selected time periods:
where B 1 is the forest area on the initial date, B 2 is the forest area on the final date and N is the number of years in the period.
Validation of Deforestation and Forest Degradation Maps
Once the forest and non-forest maps were created for Year 0, and the maps of deforestation and forest degradation for Years 1, 2 and 3 were produced, both processes were validated to provide robustness to the products and to assess the degree of agreement between the map and the ground-truth data [68, 69, 72] . Here, we used the methodology proposed by MacLean and Congalton [73] which generated area-based error matrices that can offer a better representation of the precision for maps created under the OBIA approach.
In order to make the sampling units directly comparable during validation, we used the objects or regions of the segmentations that were used earlier to generate the maps [69, 74] . A stratified random sampling was applied as in Olofsson et al. [75] , where each map class corresponded to a stratum (see more in Wulder et al. [76] ), from which 50 objects were randomly selected and distributed throughout the area on the images that were used to generate the maps, as shown by Olofsson et al. [75] (Figure 2 ). This process was carried out by an external expert who did not intervene in the elaboration of maps [77] . As Chuvieco [72] noted, these ground-truth samples allowed us to achieve a higher precision by calculating the confusion matrix, and thus the errors of omission, commission and overall accuracy [69, 72] . 
Emission Factors
Field Data
In some areas of the experimental unit of CFR, a set of permanent plots was established during the 1990s to monitor forest dynamics with an emphasis on turnover, growth and carbon cycle. The field plots in our study can be classified in two groups. The first one established between 1989 and 1990 and consist of 34 rectangular plots of 1000 m long by 10 m wide (1 ha transects) (Appendix A.3), systematically distributed trying to cover soil variations that are typical for alluvial systems [53] . The second group consist of six 0.25 ha plots (50 × 50 m) that were established between 1991 and 1996. In total, 40 plots have been periodically measured for all tree species including palms, with a stem diameter above 10 cm (see details in Appendix A.4). Approximately 90% of all individuals have been identified to the species level with the rest at least on a genus level. Based on the last census available for each plot, these forests have an average of 28.8 ± 2.4 m 2 ha −1 (SEM) in basal area, and 288 ± 20 stems ha −1 . The information about past disturbances and the history of the sites where plots were established is limited. However, there is no major evidence of any significant intervention, and these plots have been assumed to be representative of the mature forests that once covered the Western Plains region. Data collected from these plots were used here to estimate the aboveground biomass (see next Section) for the entire measurement period of each plot, although emphasis was placed on the reference dates of the satellite images and the periods considered here. Data for the second group of plots are included in the RAINFOR Project (www.rainfor.org), and are available through the forestplot.net portal [78, 79] .
Calculation of Coefficients
To estimate the coefficients that quantify carbon emissions caused by deforestation and forest degradation, we used the data from the plots described earlier. Upon the guidelines proposed by the Global Observation of Forest and Land Cover Dynamics panel (GOFC-GOLD) [59] for the establishment of REDD+ projects, we estimated the aboveground biomass (AGB) per tree in each plot and for each year of measurement using the allometric regression reported in Chave et al. [80] for tropical forests as follows:
where AGB is the above-ground biomass of the tree expressed in kilograms (kg), E is a bioclimatic stress factor that has been shown to be an important covariate for the diameter-height relationships in tropical trees and includes information on temperature seasonality (TS) and a climatic water deficit (CWD) factor. Based on the geographical location of each plot, E and CWD were derived from 
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Based on the geographical location of each plot, E and CWD were derived from a raster file below 2.5 arc-minute resolution available from http://chave.ups-tlse.fr/pantropical_allometry.htm (see more in Chave et al. [74] and in Appendix A.4); ρ is the stem wood density in gcm −3 , with data assigned to every stem on a taxonomic basis from the pan-tropical database of Zanne et al. [81] and Chave et al. [82] . D is the diameter of every tree in cm. All estimations were performed on a plot basis and then scaled to 1 ha when needed. We assumed a 0.5 factor to transform AGB values into aboveground carbon (Mg C ha −1 ). The information was then analyzed to produce temporal trends on AGB and net biomass change over time. We estimated the net biomass change for each plot and for each period by subtracting the difference between AGB for the final and initial years of each period and divided by its length.
To estimate deforestation and degradation related emissions, several methods have been proposed with different challenges and advantages. In this study, we followed some of the insights provided by Baccini et al. [23] in the case of deforestation, and from Pearson et al. [21] for degradation. Here, we followed a more pragmatic approach where information derived from deforestation and degradation maps was directly linked to the field plot data in three ways.
(1) Since deforestation and degradation rates were not estimated based on forest types, we assigned a global average AGB value to the forest class in the maps, while assuming a 100% loss of aboveground biomass for the non-forested areas. (2) Since our field plots are located in an undisturbed area, we used the studies of Kammesheidt [48] , and Lozada et al. [53] as a baseline for the impact of logging on AGB in CFR managed forests. Per these, immediately after harvest, conventional logging can reduce 40-60% of the total basal area conditioned to several factors including logging intensity (number of trees harvested) and spatial distribution of commercial species. Since basal area is a good proxy for AGB we assumed an average of 50% reduction in AGB due to logging operations. (3) Once the aboveground carbon was estimated, using the standardized methodology described in WRI [51] , we transformed these values to equivalent carbon dioxide emissions (CO 2 ), multiplying the estimated amount of carbon (expressed in Mg C ha −1 ) by 44/12 which is the molecular weight ratio of carbon dioxide and the molecular weight of carbon (MgCO 2 ha −1 ). To obtain the total amount of carbon emitted from deforestation and degradation, this value was multiplied by the estimated area of deforestation and forest degradation for each period.
Results and Discussion
Validation of Maps of Deforestation and Degradation
The results of the error matrices for each map are shown in Table 1 . These are presented in terms of proportions of area as recommended by Olfsson et al. [75] . The row totals refers to the proportions of mapped area for each map, which represents each of the ground-truth samples in each class, which varied between 0.006334 and 0.008310. These variations are mostly a response of the variation in size of the segments used [69, 83] , although a proportional sampling of 50 segments per class was used.
On the other hand, column totals provide the proportions of the estimated area according to ground-truth data. For example, the estimated area of the forest class for the 1990 map is 0.003040. If we multiply this value by the total number of pixels in the map (1,935,538) the result is 5884 pixels or 530 ha, from which there was an agreement between the map and the ground-truth data of 5827 pixels or 524 ha, and an underestimation of 57 pixels or 5 ha, which were confused with the non-forest classes. In addition, based upon ground-truth data, the non-forest class can be interpreted as having an area of 6375 pixels or 574 ha, in which there was an agreement between the map and ground-truth data of 5978 pixels or 538 ha, while 397 pixels or 397 ha were confused with the forest class.
Deforestation class for the 2000 and 2015 maps and the non-forest class for the 2010 map were the categories with the highest agreement between the maps and the ground-truth data; conversely, degradation for the maps of 2000 and 2015, and the forest class for the map of 2010, were those with a higher confusion with the other classes. The forest class, in the case of 1990 and 2000 maps, and the deforestation class for the 2010 and 2015 maps, had the largest commission errors generated by the user. A similar result was found for errors of omission, generated by the producer, where the non-forest class for the 1990 map and the degradation class for the 2000, 2010 and 2015 maps, had the largest errors. Meanwhile, estimated global precisions in all maps are within the limits established by similar studies when a differentiation of these categories is included (0.80 to 0.95) to evaluate their changes, as recommended by GOFC-GOLD [59] (Table 2) . Concerning forest degradation (orange color in the map), the highest proportion occurred during the 1990-2000 period with an approximate area of 3667 ha (2.10% of CFR's area), followed by the 2010-2015 period with 0.42% (737 ha) and the 2000-2010 period with 0.30% (515 ha). These results are consistent with the history of forest management in the region where industrial logging operations were mostly halted after 1999 when a new form of community forestry was implemented [47, 84] . As pointed out by Peres et al. [85] , Landsat images can help detecting forest roads, collection yards and some areas with commercially harvested trees (logging gaps), which were the main drivers detected and interpreted as forest degradation in our study. As an example, some of these areas are shown in Figure 4 where forest degradation was identified for the 1990-2000 period. If deforestation and forest degradation are analyzed at the same time, we see that 59% of the reserve was affected by both processes with approximately 102,938 ha in the 25 year-period of our study. Overall, 95.22% corresponded to deforestation and 4.78% to forest degradation. As expected, these percentages varied in the different periods considered here, with a range of 91.67% to 98.61% for deforestation and between 1.39% and 8.33% for forest degradation. As mentioned earlier, our estimates of forest degradation only considered those areas impacted by logging activities, and thus are likely to be an underestimation since other important drivers such as fires, cattle-grazing inside the forest or overexploitation of firewood and/or charcoal were not included. Concerning forest degradation (orange color in the map), the highest proportion occurred during the 1990-2000 period with an approximate area of 3667 ha (2.10% of CFR's area), followed by the 2010-2015 period with 0.42% (737 ha) and the 2000-2010 period with 0.30% (515 ha). These results are consistent with the history of forest management in the region where industrial logging operations were mostly halted after 1999 when a new form of community forestry was implemented [47, 84] . As pointed out by Peres et al. [85] , Landsat images can help detecting forest roads, collection yards and some areas with commercially harvested trees (logging gaps), which were the main drivers detected and interpreted as forest degradation in our study. As an example, some of these areas are shown in Figure 4 where forest degradation was identified for the 1990-2000 period. Concerning forest degradation (orange color in the map), the highest proportion occurred during the 1990-2000 period with an approximate area of 3667 ha (2.10% of CFR's area), followed by the 2010-2015 period with 0.42% (737 ha) and the 2000-2010 period with 0.30% (515 ha). These results are consistent with the history of forest management in the region where industrial logging operations were mostly halted after 1999 when a new form of community forestry was implemented [47, 84] . As pointed out by Peres et al. [85] , Landsat images can help detecting forest roads, collection yards and some areas with commercially harvested trees (logging gaps), which were the main drivers detected and interpreted as forest degradation in our study. As an example, some of these areas are shown in Figure 4 where forest degradation was identified for the 1990-2000 period. If deforestation and forest degradation are analyzed at the same time, we see that 59% of the reserve was affected by both processes with approximately 102,938 ha in the 25 year-period of our study. Overall, 95.22% corresponded to deforestation and 4.78% to forest degradation. As expected, these percentages varied in the different periods considered here, with a range of 91.67% to 98.61% for deforestation and between 1.39% and 8.33% for forest degradation. As mentioned earlier, our estimates of forest degradation only considered those areas impacted by logging activities, and thus are likely to be an underestimation since other important drivers such as fires, cattle-grazing inside the forest or overexploitation of firewood and/or charcoal were not included. If deforestation and forest degradation are analyzed at the same time, we see that 59% of the reserve was affected by both processes with approximately 102,938 ha in the 25 year-period of our study. Overall, 95.22% corresponded to deforestation and 4.78% to forest degradation. As expected, these percentages varied in the different periods considered here, with a range of 91.67% to 98.61% for deforestation and between 1.39% and 8.33% for forest degradation. As mentioned earlier, our estimates of forest degradation only considered those areas impacted by logging activities, and thus are likely to be an underestimation since other important drivers such as fires, cattle-grazing inside the forest or overexploitation of firewood and/or charcoal were not included.
Cartography of Forests, Deforestation and Forest Degradation
Estimation of Aboveground Biomass (AGB) and Carbon Emissions
The overall mean AGB for the entire period (239.60 ± 8.55 Mg ha −1 -Standard Error of the Mean) is within the value found for this forest-type [40] but lower when compared to other more carbon-rich lowland moist forests of Venezuelan Guiana Shield [40, 86, 87] . The analysis of the net biomass change for the entire 1990-2015 period shows a carbon "sink" effect with 1.32 Mg ha −1 year −1 (+0.66 Mg C ha −1 year −1 ), a considerably higher rate than recent estimations made for the Amazon basin of 0.37 Mg C ha −1 year −1 during the 1980s and 1990s with a recent decline during 2000s for a rate of 0.24 Mg C ha −1 year −1 [43] . In Caparo, this dynamics seems to be consistent with the hypothesis of a changing ecology of tropical forests, where processes such as stem turnover has been increasing in the last few decades with an accelerated stem growth favoring a carbon sink effect [88] . Nevertheless, it is important to point out that alluvial terraces like those in the Western Plains region are highly influenced by nutrient-rich soils which tend to induce a much faster turnover compared to other sites [88] and thus a faster growth and carbon accumulation in the vegetation. In addition, historical records of Western plains show that these forests would be mostly composed by "young" communities that were developed after the region was affected by fires used for the establishment of livestock during the colonial period (1700-1810, i.e., the 19th century) and then later abandoned as a result of the independence wars [31, 89] . The temporal trends in AGB and carbon from the permanent sample plots are shown in Figure 5 . 
The overall mean AGB for the entire period (239.60 ± 8.55Mg ha −1 -Standard Error of the Mean) is within the value found for this forest-type [40] but lower when compared to other more carbon-rich lowland moist forests of Venezuelan Guiana Shield [40, 86, 87] . The analysis of the net biomass change for the entire 1990-2015 period shows a carbon "sink" effect with 1.32 Mg ha −1 year −1 (+0.66 Mg C ha −1 year −1 ), a considerably higher rate than recent estimations made for the Amazon basin of 0.37 Mg C ha −1 year −1 during the 1980s and 1990s with a recent decline during 2000s for a rate of 0.24 Mg C ha −1 year −1 [43] . In Caparo, this dynamics seems to be consistent with the hypothesis of a changing ecology of tropical forests, where processes such as stem turnover has been increasing in the last few decades with an accelerated stem growth favoring a carbon sink effect [88] . Nevertheless, it is important to point out that alluvial terraces like those in the Western Plains region are highly influenced by nutrient-rich soils which tend to induce a much faster turnover compared to other sites [88] and thus a faster growth and carbon accumulation in the vegetation. In addition, historical records of Western plains show that these forests would be mostly composed by "young" communities that were developed after the region was affected by fires used for the establishment of livestock during the colonial period (1700-1810, i.e., the 19th century) and then later abandoned as a result of the independence wars [31, 89] . The temporal trends in AGB and carbon from the permanent sample plots are shown in Figure 5 . During the period analyzed here, mean turnover rates were 1.4 to 4.3% year −1 , in some cases doubling the rates reported for other Venezuelan forests [90] . Over the course of the last 25 years, recruitment dynamics positively favored the progressive incorporation of a greater number of individuals of the advanced regeneration to categories of larger size over time. Moreover, the large trees (>40 cm in diameter) accounted for almost 70% of the AGB in most of the plots, which is of great relevance when most logging operations in CFR have been highly selective mostly focusing on large individuals of a few commercial species that, combined with poor harvesting practices, have had a profound effect on the residual stand [47] .
Although it appears to be a general trend towards increasing the amount of carbon stored in Caparo's forests, tropical forests have shown to be highly sensitive to extreme drought phenomena, primarily related to an increase in the frequency of "Niño" years (ENSO). For example, during the extreme event of 2005 Amazonian drought, Phillips et al. [91] showed how many mature forest plots turned their dynamics from sinks to sources a few years after the drought event, due an unusual increase in the mortality of large trees affected by the reduction of water available in the ecosystem. In fact, a recent reanalysis of a large number of forest plots indicates a decline in the sink effect throughout the Amazon basin between 1980 and 2010 [92] .
We used the mean AGB for each period to calculate the equivalent emissions from deforestation and forest degradation. An average value between the initial and final year of each period was used and these are shown in Table 3 . Our combined analysis shows that during the 1990-2000 decade more carbon was released than in any other of the other periods considered. The loss and degradation of about one third of the total CFR's forested area during this period may have contributed to emit, on average, 2.21 Mt CO 2 every year during this period. Depending on the period considered, forest degradation may have been responsible of about 0.7 to 4% of the total carbon emissions. As we see a decline in forest cover, it is obvious that less carbon was emitted in the subsequent periods (Table 4) . However, the effects of deforestation in just one area may have had serious implications on a national scale. For instance, based on the most recent available data on carbon emissions [41] , Venezuela emitted, on average, 307.98 ± 6.79 Mt CO 2 year −1 between 1990 and 2013, from which 85.28 ± 9.34 (~28% of the total) came from deforestation and degradation. Despite the need for a higher precision in the estimation of carbon in the entire area of the reserve, we can conservatively assume that deforestation and degradation combined in CFR represented close to 0.49% of the total carbon emissions and 1.79% of those coming from deforested and degraded forests at national scale between 1990 and 2015. The analysis of change in forest cover in the CFR shows that by 2015 the reserve still had an estimated area of forest of 30,749 ha (~18% of the total). Assuming a similar rate of deforestation from the 2010-2015 period of −3.2% per year, Venezuela could still be emitting a significant amount of carbon while also aggravating the current situation for biodiversity conservation in an extremely fragile ecosystem. A complete halt on deforestation and forest degradation in Caparo would allow to potentially maintain an estimated total of 27 Mt CO 2 stored in these forests (expressed as the mean AGB scaled up to the area covered by forests).
Despite its obvious value, most of the available information on the variation of forest cover in Venezuela comes from studies at global or regional scales. In this regard, Pacheco et al. [30] have shown the limitations when estimating deforestation rates in Venezuela due to the lack of an official, continuous and systematic monitoring program of forest cover in the country. In addition, this study is, to our knowledge, the first attempt to jointly quantify carbon emissions and deforestation rates in Venezuela and therefore we cautiously call for taking the evidences presented here as preliminary. A more comprehensive analysis of carbon not only from forests but also from other vegetation types and/or land uses is needed. In any case, these results are intended to promote the application of the approach used here to other areas to collect baseline information on emissions of deforestation and forest degradation in Venezuela.
A Contribution to the Establishment of a REDD+ Strategy in the CFR
Our study shows how deforestation and forest degradation processes in the CFR have contributed in the last 25 years to the reduction of forest area in an important area of the Venezuelan Western plains. In addition, because of these processes, a high amount of carbon emissions was emitted. Although severely fragmented, the existence of a considerable area of forests and its associated stored carbon offers an opportunity to create a carbon-based initiative in the region. However, the continuous pressures to expand the agricultural frontier within the current national social and economic crisis are serious limitations that must be adequately assessed.
In the context of a strategy for Reducing Emissions from Deforestation and Forest Degradation (REDD+), multiple objectives can be managed simultaneously with the overall goal of creating economic incentives that can contribute to reduce deforestation and forest degradation, while attending its causes. One of the most critical steps implies obtaining reliable information on both deforestation and degradation rates and its associated carbon emissions. Our study partially aimed in this direction and tried to offer a pragmatic approach to take advantage of open access remote sensing data, an open source software (i.e., TerraAmazon) and the availability of long term field data. We believe that this approach can be expanded and used in combination with other available carbon maps that will allow for a more accurate estimation on the carbon stored in these forests.
Conclusions
For the first time in Venezuela, carbon emissions due to deforestation and forest degradation processes were estimated, with the overall goal of creating a baseline for a potential establishment of a REDD+ strategy in one of the most important hotspots of biodiversity and deforestation in the country. CFR represents an area that has undergone a severe process of forest loss and other ecosystem services over the last 25 years. We have applied an internationally recognized approach that allows for comparisons and that potentially could be expanded to other areas.
Our study provides evidence of the validity for the use, without any cost in the acquisition, of satellite images and related programs for their processing to conduct similar studies on how to estimate carbon emissions from deforestation and forest degradation in a seasonal tropical forest ecosystem. Of course, other associated costs mostly linked to the collection of long term data in the field can be significant. The use of the IPCC good practice guidelines with the recommendations of GOFC-GOLD is a good alternative for monitoring and estimating carbon.
An important aspect here is to emphasize that forest degradation, estimated through data from medium resolution sensors, proved to be challenging when compared to deforestation. An important limitation is that the spectral signature of the degraded forests changed after only two years, affected by the regrowth of vegetation and the rapid process of canopy closure, which often prevents the identification of some activities, such as selective logging, identification of burned areas, cattle grazing in forest or other degradation forces. However, the application of digital techniques to medium resolution data allowed us to detect activities of forest exploitation, including forest roads and logging yards that have been a major component of degradation in CFR. Finally, more studies are required to examine other digital techniques and thus determine which of them offers better results in these tropical environments.
An important aspect here is to emphasize that forest degradation, estimated through data from medium resolution sensors, proved to be challenging when compared to deforestation. An important limitation is that the spectral signature of the degraded forests changed after only two years, affected by the regrowth of vegetation and the rapid process of canopy closure, which often prevents the identification of some activities, such as selective logging, identification of burned areas, cattle grazing in forest or other degradation forces. However, the application of digital techniques to medium resolution data allowed us to detect activities of forest exploitation, including forest roads and logging yards that have been a major component of degradation in CFR. Finally, more studies are required to examine other digital techniques and thus determine which of them offers better results in these tropical environments. Environmental Stress Factor (E) were extracted from a global climate layer for the long-term average of CWD and E at 2.5 arc-minute resolution as in Chave et al. [81] . d Initial and final AGB are based on the first and last census for each plot.
